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IntroducRon	

•  A	look	at		the	determinisRc	forecasts	of	three	leading	NWP	centers	
(ECMWF,	NCEP,	UKMO)	for	the	years	2015-2017.	

•  PAMs	(primary	assessment	metrics)	such	as	the	500-hPa	geopotenRal	
anomaly	correlaRon	(AC)	or	the	250-hPa	wind	RMSE	are	converted	to	
NAMs	(normalized	assessment	metrics)	and	then	averaged	into	SAMs	
(summary	assessment	metrics).	
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Upgrades	2015-2017	
Center	 i	 Date	 Upgrade	 Delta	
ECMWF	 1	 20150512	 IFS	Cycle	41r1	 2.10	

2	 20160308	 IFS	Cycle	41r2	(Cubic	Octahedral	1280)	 1.31	
3	 20161122	 IFS	Cycle	43r1	 2.58	
4	 20170717	 IFS	Cycle	43r3	 5.22	

NCEP	 1	 20150114	 TIN14-46	(T1534)	 -4.12	
2	 20160511	 TIN16-11	(4DEnVar)	 7.37	
3	 20170719	 SCN17-67	(NEMSIO)	 0.81	

UKMO	 1	 20161121	 PS38	(satellite	obs.)	 4.75	
2	 20170907	 PS39	(10-km	resoluRon)	 2.82	
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Scorecards	of	IFS	Cycle	45r1	versus	IFS	Cycle	43r3.	
	From	ECMWF	Newlefer	No.	156.	Showing	HRES	vs.	analysis	only.	
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NWP
Forecasts – PAMs

Reference
Sample

X(�) NAMs Σ SAMs

Verification
(Analyses)

PAMs	to	NAMs	to	SAMs	
•  We	ogen	focus	on	a	few	key	PAMs,	but	this	may	ignore	other	important	aspects	

of	forecast	skill.	The	use	of	SAMs	increases	staRsRcal	significance	and	enables	
exploring	different	aspects	of	forecast	skill.	

•  PAM/NAM/SAM	dimension	::	coordinate	values	
–  Forecast	Rme	::	24,	48,	72,	96,	120,	144,	168	h	
–  Level	::	250,	500,	700,	850,	1000	hPa	
–  Domain	::	northern	hemisphere	extratropics	(NHX),	southern	hemisphere	extratropics	(SHX),	

tropics	
–  Variable	::	height	(Z),	temperature	(T),	wind	(V)	
–  StaRsRc	::	anomaly	correlaRon	(AC),	root	mean	square	error	(RMSE),	absolute	mean	error	(AME,	

the	absolute	value	of	bias)	
–  VerificaRon	Rme	::	every	24	h	at	0000	UTC	during	2015-2017	
–  Center	::	ECMWF,	NCEP,	UKMO	

•  Reference	sample	for	normalizaRon	
–  All	::	(verificaRon	Rme,	center)	
–  ByCenter	::	(verificaRon	Rme)	
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x = PAM

s 
= 

n 
× 

N
AM

•  ECDF	normalizaRon	
– NAM	=	(rank(PAM)-1/2)/n	
– Rank	relaRve	to	ref.	sample	

•  For	minmax,	and	other	
normalizaRons	
– NAM	=	a	PAM	+	b	
– a,	b	depend	on	ref.	sample	

ECDF	NAM	is	calculated	from	the	rank	
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ByCenter	normalizaRon	
•  Reference	sample	for	normalizaRon	

–  All	::	(verificaRon	Rme,	center)	
–  ByCenter	::	(verificaRon	Rme)	
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Upgrades	2015-2017	
Center	 i	 Date	 Upgrade	 Delta	
ECMWF	 1	 20150512	 IFS	Cycle	41r1	 2.10	

2	 20160308	 IFS	Cycle	41r2	(Cubic	Octahedral	1280)	 1.31	
3	 20161122	 IFS	Cycle	43r1	 2.58	
4	 20170717	 IFS	Cycle	43r3	 5.22	

NCEP	 1	 20150114	 TIN14-46	(T1534)	 -4.12	
2	 20160511	 TIN16-11	(4DEnVar)	 7.37	
3	 20170719	 SCN17-67	(NEMSIO)	 0.81	

UKMO	 1	 20161121	 PS38	(satellite	obs.)	 4.75	
2	 20170907	 PS39	(10-km	resoluRon)	 2.82	
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Upgrades	2015-2017	
Center	 i	 Date	 Upgrade	 Delta	
ECMWF	 1	 20150512	 IFS	Cycle	41r1	 2.10	

2	 20160308	 IFS	Cycle	41r2	(Cubic	Octahedral	1280)	 1.31	
3	 20161122	 IFS	Cycle	43r1	 2.58	
4	 20170717	 IFS	Cycle	43r3	 5.22	

NCEP	 1	 20150114	 TIN14-46	(T1534)	 -4.12	
2	 20160511	 TIN16-11	(4DEnVar)	 7.37	
3	 20170719	 SCN17-67	(NEMSIO)	 0.81	

UKMO	 1	 20161121	 PS38	(satellite	obs.)	 4.75	
2	 20170907	 PS39	(10-km	resoluRon)	 2.82	
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Upgrades	2015-2017	
Center	 i	 Date	 Upgrade	 Delta	
ECMWF	 1	 20150512	 IFS	Cycle	41r1	 2.10	

2	 20160308	 IFS	Cycle	41r2	(Cubic	Octahedral	1280)	 1.31	
3	 20161122	 IFS	Cycle	43r1	 2.58	
4	 20170717	 IFS	Cycle	43r3	 5.22	

NCEP	 1	 20150114	 TIN14-46	(T1534)	 -4.12	
2	 20160511	 TIN16-11	(4DEnVar)	 7.37	
3	 20170719	 SCN17-67	(NEMSIO)	 0.81	

UKMO	 1	 20161121	 PS38	(satellite	obs.)	 4.75	
2	 20170907	 PS39	(10-km	resoluRon)	 2.82	
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Summary	

•  All	three	centers	improve	over	the	three	year	period.		
NCEP	short-term	forecast	skill	substanRally	increases	
during	the	period.	

•  SAMs	indicate	that	in	terms	of	forecast	skill	ECMWF	
is	befer	than	NCEP,	which	is	befer	than	but	
approximately	the	same	as	UKMO.	
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•  However,	the	observed	impacts	are	within	the	context	of	slowly	improving	
forecast	skill	for	operaRonal	global	NWP	as	compared	to	earlier	years.	

•  The	use	of	SAMs	improves	the	signal	to	noise	raRo	and	clear	improvements	
in	SAM	are	related	to	the	ECMWF	July	2017	upgrade	to	IFS	Cycle	43r3,	the	
NCEP	May	2016	replacement	of	the	3DEnVar	with	the	4DEnVar,	and	the	
UKMO	November	2016	(PS38)	introducRon	of	improved	use	of	satellite	
observaRons.	



NWP
Forecasts – PAMs

Reference
Sample

X(�) NAMs Σ SAMs

Verification
(Analyses)

Concluding	remarks	

•  We	ogen	focus	on	a	few	key	PAMs,	but	this	may	ignore	other	important	
aspects	of	forecast	skill.	The	use	of	SAMs	increases	staRsRcal	significance	
and	enables	exploring	different	aspects	of	forecast	skill.	

•  Clearly	the	systems	lagging	ECMWF	can	improve,	and	there	is	evidence	from	
SAMs	in	addiRon	to	the	4DEnVar	example	that	improvements	in	forecast	
and	data	assimilaRon	systems	are	sRll	leading	to	forecast	skill	
improvements.	

•  In	future	work,	it	might	be	interesRng	to	include	other	centers	and	to	add	
PAMs	for	relaRve	humidity	and	precipitaRon,	forecast	variables	for	which	
there	is	currently	major	room	for	improvement.	
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NWP
Forecasts – PAMs

Reference
Sample

X(�) NAMs Σ SAMs

Verification
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more...	
•  email:		
•  ross.n.hoffman@noaa.gov	

•  Dec	2018	WAF	paper:	
•  doi:	10.1175/WAF-D-18-0117.1	

•  AMS	presentaRon:		
•  hfps://ams.confex.com/ams/2019Annual/meeRngapp.cgi/Paper/

350739	
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A	DetecRve	Story	
•  We	began	with	5	centers:	

CMC,	ECMWF,	FNMOC,	
NCEP,	UKMO		

•  We	kept	the	3	best,	partly	
because	FNMOC	results	did	
not	make	sense	

•  Colors	have	changed	from	
the	3	centers	case.	

	
	

01/10/19	 Trends	in	Skill	 37	

CMC ECMWF FNMOC NCEP UKMO
0.
25

0.
50

0.
75

CMC
ECMWF
FNMOC
NCEP
UKMO



24 48 72 96 120 144 168
0.
4

0.
5

0.
6

● ●
● ● ● ● ●

● ● ● ●
● ● ●

●

●

●
● ● ● ●

●

●
●

● ●
● ●

●

●

●
● ● ●

●

● ● ● ● ● ●
●

●

●

●
● ● ● ●

●
●

● ● ● ● ●

●

●
● ● ● ●

●
●

● ● ●
●

●

●

CMC
ECMWF
FNMOC
NCEP
UKMO

2015
2016
2017

2015 2016 2017

0.
4

0.
5

0.
6

CMC
ECMWF
FNMOC
NCEP
UKMO

01/10/19	 Trends	in	Skill	 38	

SA
M

Forecast time (h)Year



Jan May Sep Jan May Sep Jan May Sep

0.
3

0.
5

0.
7

1 2

01/10/19	 Trends	in	Skill	 39	

SA
M

|----------2015--------|---------2016--------|--------2017--------|	 							

CMC

day-by-day	



Jan May Sep Jan May Sep Jan May Sep

0.
3

0.
5

0.
7

1 2

01/10/19	 Trends	in	Skill	 40	

SA
M

|----------2015--------|---------2016--------|--------2017--------|	 							

FNMOC

day-by-day	



year

SA
M

 
2015 2016 2017

0.
4

0.
5

0.
6

| arraytype = sam | normalization = ecdf | refsample = allNWP | gamma = 0.2652 |
SAM[year,exp], only for (var=V;lev=1000), averaged over (stat,ftime,domain,day,month)

p = 0.95 c.i. shaded in grey

CMC
ECMWF
FNMOC
NCEP
UKMO

outlines are for allNWP rescaled SAM 

year

SA
M

 

2015 2016 2017

0.
4

0.
5

0.
6

| arraytype = sam | normalization = ecdf | refsample = allNWP | gamma = 0.1507 |
SAM[year,exp], without (lev=1000), only for (var=V), averaged over (stat,ftime,domain,lev,day,month)

p = 0.95 c.i. shaded in grey

CMC
ECMWF
FNMOC
NCEP
UKMO

outlines are for allNWP rescaled SAM 

01/10/19	 Trends	in	Skill	 41	

SA
M

Year Year

Wind (250,	500,	700,	850) Wind (1000) 



Why?	
•  In	mid	2016,	the	NAVGEM	grids	shared	with	NCEP	changed	from	1	

degree	to	1/2	degree	laRtude-longitude.	
•  Because	of	the	way	the	fields	are	filtered,	this	change	makes	it	

seem	like	NAVGEM	forecast	skill	is	degrading	in	our	assessments	
using	the	VSDB	staRsRcs.	
–  Most	of	the	NAVGEM	fields	used	in	our	assessments	are	filtered	with	the	

same	2d	one-pass	Shapiro	smoother	de-smoother	applied	in	grid	point	
space	for	both	1	and	1/2	degree	fields.	

–  As	a	result	the	1/2	degree	fields	have	more	energy	present	in	the	
inherently	hard	to	predict	smallest	scales,	resulRng	in	an	apparent	drop	in	
forecast	skill.	

–  During	VSDB	processing	no	further	filtering	is	applied.	

01/10/19	 Trends	in	Skill	 42	



But	what	about	low	level	winds?	
•  Filtering	is	applied	to	all	geopotenRal	heights,	all	
temperatures,	and	all	winds	above	900	hPa.	
– Thus	in	our	study,	only	1000	hPa	winds	were	not	affected	
by	this	change.	

•  Thanks	to	Elizabeth	Saferfield/NRL-Monterey	and	
Randal	Pauley/FNMOC	for	help	in	unraveling	this	
puzzle.	

01/10/19	 Trends	in	Skill	 43	



NWP
Forecasts – PAMs

Reference
Sample

X(�) NAMs Σ SAMs

Verification
(Analyses)

more...	
•  email:		
•  ross.n.hoffman@noaa.gov	

•  Dec	2018	WAF	paper:	
•  doi:	10.1175/WAF-D-18-0117.1	

•  AMS	presentaRon:		
•  hfps://ams.confex.com/ams/2019Annual/meeRngapp.cgi/Paper/

350739	
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ApplicaRon	to	impact	experiments	
•  The	origin	of	the	SAM	work	was	to	summarize	OSE	
results	for	a	data	gap	imact	study.	

•  We	repeated	the	impact	study	in	simulaRon	(OSSE	
mode)	to	validate	our	OSSE	system	(CGOP).		

•  Ideally	each	OSSE	component	must	be	realisRc,	
however	these	OSSEs	used	
–  Lower	resoluRon	GDAS/GFS	
– No	observaRon	errors		
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Observing	System	SimulaRon	Experiments	

•  OSSEs	have	been	used	since	the	1950s	to	
–  Evaluate	observing	systems	in	terms	of	accuracy	and	coverage	
(e.g.,	in	planning	FGGE)	

–  Guide	decision	makers	to	allocate	resources	to	miRgate	costs	and	
lead	Rme	in	reality	

–  Conduct	trade	studies	of	instruments	and	systems,	and		
–  Design	and	test	new	DA	methods	
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Experimental	Setup:	Data	Gap	Scenario		
•  Inter-comparison:	OSSE	vs	OSE	for	Control,	3Polar,	2Polar	

[Original	OSE	work	by	Boukabara	et	al	(2016b)]	

Period		 7	July	to	7	August,	2014	

Obs	system	
config.	

2014:	all	convenRonal		
+	satellite	data	gap	scenarios	

OSSE	only:	perfect	obs	

DAS	 3DEnVar	with	T670/T254	n=80	ensemble	

Forecast	 0000	UTC	daily	up	to	168	h		

VerificaRon	 OSSE/OSE:	own	cntrl		analysis	



OSSE	system	validaRon/calibraRon	
•  Before	apply	an	OSSE	system	to	a	new	proposed	sensor,	we	
want	to	check	if	the	results	for	a	data	denial	experiment	
match		

•  If	not	(and	ogen	OSSE	results	are	overly	opRmisRc)	we	must	
calibrate	our	OSSE	system	by	
–  Tuning	the	observaRon	errors;	and/or	
–  Changing	some	parameterizaRons	in	the	forecast	model;	or	
–  AdjusRng	the	OSSE	results	ager	the	fact	

•  For	the	simulaRon	experiments	with	“perfect”	observaRons,	
the	OSSE	was	overly	opRmisRc,	but	not	in	terms	of	SAMs!	
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Results:	Forecast	Skill	(PAM	-	AC	&	RMSE)	
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•  All	data	gap	scenarios	result	in	poor	forecast	skills	
•  Tendency	of	impact	mostly	as	expected	although	there	are	bit	of	variabiliRes	in	OSSE	
vs	OSE	inter-comparison	results	
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Results:	SAMs	global	and	vs.	forecast	Rme	
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Results:	SAMs	by	level	and	domain	
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more...	
•  email:		
•  ross.n.hoffman@noaa.gov	

•  Oct	2018	JTECH	paper:	
•  doi:	10.1175/JTECH-D-18-0061.1

•  AMS	presentaRon:		
•  hfps://ams.confex.com/ams/2019Annual/meeRngapp.cgi/Paper/

353842	
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